Background: Spatial accessibility of healthcare may be measured by proximity of patient residence to health services, typically in driving distance or driving time. Precise driving distances and times are rarely available. Although straight line distances between zipcode centroids and between precise address locations are used as proxy measures for distance to care, the accuracy of these measures has received little study.
A ccess to health services may be conceptualized in 2 stages: the potential for and the actualized delivery of healthcare. 1 An integral part of the potential for care is the distance in space and time between patient residence and healthcare centers, with greater distance becoming a potential barrier to care. 1 Investigators have defined spatial healthcare accessibility as the distance or travel time between the locations of the patient's residence and of healthcare service receipt. [2] [3] [4] [5] [6] In some studies, investigators have used the straight line distance between precise locations as a proxy measure for driving distance and driving time. 2, 7 In studies where exact addresses were unavailable, investigators have approximated distance to healthcare as the straight line distance between residential and hospital zipcode centroids. [3] [4] [5] [6] Spatial data may be categorized as point or aggregate data. Point data include an exact measure of geographic location such as street address or longitude and latitude of the location of interest, providing precise spatial measures. Statistics using point data can provide tests with improved power, sensitivity, and specificity [8] [9] [10] and the availability of individual-level data can reduce spatial confounding. 11 Aggregate data are expressed on a community, census tract, or zipcode level where information is summarized across an area of residence. Aggregate data can often be obtained from disease registries or from the US Census Bureau. 12 These data provide greater privacy protection for subjects 13 and are less costly to obtain than point data. 12 For residential location, an individual's residence may be expressed with precision using an exact street address (point data) or may be estimated using the zipcode centroid (aggregate data). Using the aggregate approximation, all subjects living in the same zipcode share the centroid as their residential location.
The accuracy of straight line distances between precise locations and between zipcode centroids has received little study. In this study, we examine the accuracy of straight line distances between locations (point data) and between zipcode centroids (aggregate data) in predicting driving distance and driving time using point and aggregate data collected from a Medicare cohort of total knee replacement (TKR) recipients.
METHODS

Sample Description
Data were obtained from a retrospective cohort of Medicare beneficiaries who underwent elective primary TKR in the year 2000. A stratified random sample of all Medicare beneficiaries who underwent TKR in 2000 and were residing in Illinois, North Carolina, Ohio, and Tennessee was drawn by first sampling hospitals, stratified by the number of TKR operations performed per year, with probabilities proportional to annual TKR volume. Subsequently, subjects were sampled from hospitals with numbers of subjects per hospital varying between TKR volume strata. 14 
Measures of Distance
We defined criterion standards for driving distance and driving time measurements between residence and hospital to allow an evaluation of the accuracy of estimates based on the straight line distances between precise locations and zipcode centroids.
Criterion Standards
Driving distance and driving time between street addresses were computed using an automated procedure supplied through the MapQuest Developer Network. 15 In its procedure, MapQuest applies Dijkstra's shortest path algorithm to recent road maps to plot the shortest driving route between the specified locations. The distance traveled on each road is summed to obtain the driving distance between points. 16 Driving time is calculated by MapQuest as the quotient of the total miles by the average speed limit (miles per hour) for each road in the route. 17 In some instances, MapQuest software is unable to determine the exact location owing to changes in roadways over time. This produces variability in the automated procedure results. For quality control, we performed a manual review of driving distance and time for a randomly selected 2% (n = 30) of all observations. For this review, we manually entered subject residential and hospital addresses into MapQuest and recorded the driving distance and driving time. While 5 of the points (16.7%) had observed values differing by at least 25% from the manually verified values, only 2 of these differences had magnitudes greater than 1 mile. None of the values was corrected.
In a second, independent validation procedure, we identified all observations with driving distances at least 1 mile shorter than the corresponding straight line distances between points. These events are implausible, indicating error. Nine of the 1,135 observations (0.79%) had such erroneous distances and were corrected using driving distances and times observed from manual review.
Estimating Distances
We considered 2 estimates of distance: straight line distance between patient residence and hospital locations and straight line distance between zipcode centroids. Both were calculated using the Great Circle Distance Formula:
where T i is the latitude and G i is the longitude of locations 1 and 2 in radians.
Factors Related to Accuracy of Estimation
We considered 2 factors possibly related to the accuracy of distance estimation: urban/suburban/rural categorization of residential neighborhood and state of residence. Urban, suburban, and rural categories were defined using data from the 2000 US Census. Residences were defined as urban if 100% of the population in the respective census tract lived in urban areas. Suburban residences consisted of areas in which between 80% and 99% of the census tract population lived in urban areas, whereas rural residences had less than 80% of the population living in urban areas. Subjects lived in 1 of 4 states: Illinois, North Carolina, Ohio, and Tennessee.
Model Building and Validation
To facilitate the validation of prediction models for distances and time, we used a split-sample design by randomly separating the sample into 4 datasets: Training, Testing 1, Testing 2, and Testing 3 ( Table 1 ). Using the Training data we produced descriptive statistics, computed correlations between measures of distance and time, and generated predictive models. The 3 Testing datasets were used to validate the estimates with independent data. Hypothesis tests were applied with a 0.05 significance level. All statistical analyses were performed using SAS Version 9.2 for Windows. 18
Building Prediction Models
We developed 4 sets of 3 models, 2 sets predicting MapQuest driving distance and 2 sets predicting MapQuest driving time between points. Predictors of interest included the following: (a) the straight line distance between precise residence and hospital locations, (b) straight line distance between residential and hospital zipcode centroids, (c) urban, suburban, or rural categorization of residential census tract, and (d) state of residence. (Models are described in Table 2 .) We tested for 2-way interactions between distance measures and urban categorization and between distance measures and state of residence. Interactions were included in models if their P-values were statistically significant at the 0.05 level.
Predicting driving distance and time by straight line distance between residence and hospital locations: We produced 3 models to predict MapQuest driving distance and driving time between patient residence and hospital locations. The models had the following independent variables: Model I straight line distance between points; Model II distance between points and urban categorization of census tract; and
Model III distance between points, urban categorization, and state of residence. When statistically significant, 2-way interaction terms were included in the models.
Predicting driving distance and time by straight line distance between zipcode centroids: Using the same model building approach as applied above, we predicted driving distance and driving time by: Model I straight line zipcode centroid distance; Model II zipcode centroid distance and urban categorization; Model III zipcode centroid distance, urban categorization, and state of residence. When appropriate, interaction terms were included in the models.
Goodness-of-fit of predictive models: Adjusted model R 2 and Akaike Information Criterion (AIC) statistics were recorded. The adjusted R 2 statistic is a version of the correlation coefficient (R 2 ), penalized for model complexity, as measured by increases in numbers of independent predictors. It ranges from 0 to 1 with larger values preferred. The AIC statistic is a goodness-of-fit value that balances model bias versus variability. It rewards models with small residuals (the difference between the observed and fitted values) but penalizes complex models. The AIC statistic can range between 0 and positive infinity with smaller values indicating better model fit. 19 Within each model building scheme, R 2 and AIC statistics were compared with select models that best predicted MapQuest driving distance and driving time in the Training data.
Model Validation
Models attaining high correlations (high adjusted R 2 , low AIC statistics) between observed and estimated distances were selected for validation in the 3 Testing datasets. Predicted MapQuest driving distances and driving times were derived by fitting the regression equations produced from the Training data to the Testing datasets. Models were applied to evaluate the accuracy of predicted driving distance and time when compared with observed driving distance and time in the 3 Testing datasets. Models were also applied to stratified data to determine whether the prediction equations may be generalized across states and urban, suburban, and rural observations. Model fit was evaluated using the unadjusted model R 2 statistic and accuracy of the estimates was evaluated by calculating the mean relative bias,
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This research was approved by the Institutional Review Board at Brigham and Women's Hospital.
RESULTS
Sample Characteristics
Addresses from 1,135 TKR subjects and the corresponding hospitals where they had TKR were geocoded to 
Distance and Time Estimates
The Pearson correlation between straight line distance between residence and hospital and MapQuest driving distance was 0.986 (P < 0.0001). The correlation between residence/hospital distance and driving time was slightly lower (r = 0.951, P < 0.0001). Similar correlations were observed between distance between zipcode centroids and driving distance (r = 0.981, P < 0.0001) and driving time (r = 0.945, P < 0.0001; Table 3 ).
Prediction Models for Driving Distance
Predicting driving distance by straight line distance between residential and hospital locations: Comparing model fits, adjusted R 2 and AIC statistics were very similar across Models I, II, and III (adjusted R 2 range: 0.972 to 0.973, AIC range: 1421.7 to 1425.7; Table 4 ). We found no significant interaction between urban categorization and straight line distance (P = 0.7058), indicating that the association between straight line distance and driving distance did not differ across urban, suburban, and rural strata. We observed a statistically significant interaction in Model III between distance and state of residence (P = 0.0016). In North Carolina, 1 straight line mile corresponded to a longer driving distance (1.27 miles) than in Ohio (1.16 miles; Table 4 ).
The most parsimonious model (Model I), was selected for validation among the Testing data. When the model was applied to the Testing data, Model I unadjusted R 2 values ranged from 0.973 to 0.998 indicating high correlation between the observed and estimated driving distances. Among data stratified by urban categorization or by state, all R 2 values were at least 0.911 (Table 5) .
Predicting driving distance by straight line distance between zipcode centroids: Predicting driving distance by distance between zipcode centroids, all adjusted R 2 values were greater than 0.960. The minimal AIC statistic was observed for Model III (AIC = 1510.0) including all predictors, closely followed by that of Model II (AIC = 1511.8), including only zipcode distances and urban categorization ( Table 4 ).
In Model II there was no significant interaction between distance between zipcode centroids and urban categorization (P = 0.5125). In Model III, a significant interaction between state of residence and distance between zipcode centroids (P = 0.0061) was observed where 1 mile in zipcode centroid distance corresponded to greater driving distances in Illinois (1.25 miles) and North Carolina (1.21) than in Ohio (1.13 miles) or Tennessee (1.13 miles; Table 4 ).
Model II provided a simple extension to the zipcode only model and was selected for validation using the Testing data. Model II unadjusted R 2 values from models predicting observed from estimated distance measures were greater than 0.940. Similar results were observed when models were applied to Testing data stratified by state and by urban categorization ( Table 5 ).
Prediction Models for Driving Time
Predicting driving time by straight line distance between residential and hospital locations: Examining model fits, all adjusted R 2 values were at least 0.904, with the highest observed for Model III (adjusted R 2 = 0.921). AIC statistics indicated Model III to have the greatest model fit, with Model II following (Model III AIC = 1866.5, Model II AIC = 1887.0; Table 4 ).
Significant interactions were observed between residence/hospital distance and urban categorization (P < 0.0001) and between residence/hospital distance and state of residence (P < 0.0001) indicating that associations between distance and driving time differed by both urban categorization and by state. Both Models II and III included interaction terms.
Though Model III provided a slightly better fit to the data, the goodness-of-fit statistics were similar to one another and we applied Model II to Testing data because it was more parsimonious. All Model II unadjusted R 2 values were at least 0.915 when applied to Testing data and the minimal R 2 value observed for stratified data was 0.822 indicating strong model fit across urban and state strata ( Table 5 ).
Predicting driving time by straight line distance between zipcode centroids: All adjusted R 2 values were at least 0.890 and AIC statistics ranged from 1899.3 for Model III to 1941.8 for Model I. Though the difference in AIC statistics was nearly 20 units (Model II AIC = 1917.4, Model III AIC = 1899.3), the difference from Model II to Model III adjusted R 2 values was only 0.007 (Model II R 2 = 0.904, Model III R 2 = 0.911) indicating similar fit between the models ( Table 4) .
As was observed for residence/hospital distances, when models were applied to predict driving time from distance between zipcode centroids, significant interactions between zipcode centroid distance and urban categorization and zipcode centroid distance and state of residence were observed in Models II (P = 0.0012) and III (P < 0.0001), respectively.
We applied Model II to Testing and stratified data for validation. The minimal R 2 value for Model II when applied to Testing data was 0.894 and was 0.779 when applied to stratified data (Table 5 ).
Comparing Accuracy of Prediction Equations Prediction Models for Driving Distance
Predicting driving distance by straight line distance between residential and hospital locations: Summarizing across Testing data, when distances were predicted using Model I, urban driving distances were overestimated by 14.1% (1.1 miles). Suburban distances were overestimated by 10.7% (1.7 miles). Rural driving distances were overestimated by 20.3% (3.4 miles). Predicted distances for urban residences were improved in Model II (overestimating 5.0%, 0.4 miles), when urban categorization was included in the prediction model. Suburban and rural predicted driving distances were less accurate, overestimated by 18.6% (3.0 miles) and 23.9% (4.0 miles), respectively.
Predicting driving distance by straight line distance between zipcode centroids: Using distance between zipcode centroids alone, the predicted driving distance between residence and hospital in rural residences were overestimated by 19.0% (3.20 miles) compared with 39.9% (6.7 miles) for Model II. Suburban Model I predicted values were 23.1% (3.7 miles) larger than observed values, whereas Model II predicted values were only 11.9% (1.9 miles) greater. Model I overestimated driving distances from urban locations by 27.2% (2.0 miles), whereas Model II overestimated distances by 11.3% (0.8 miles; Table 6 ). Urban Model I À 14.1% ( À1.1) À 27.2% (À 2.0) À14.9% ( À 1.1) À 29.9% ( À2.3) À 15.5% ( À1.0) À 32.4% (À 2.2) À11.9% ( À 1.0) À 19.3% ( À1.6) Model II À 5.0% ( À0.4) À 11.3% (À 0.8) À5.4% ( À 0.4) À 13.1% ( À1.0) À 5.7% ( À0.4) À 15.1% (À 1.0) À4.0% ( À 0.3) À5.5% ( À0.4) Suburban
Model I À 10.7% ( À1.7) À 23.1% (À 3.7) À7.3% ( À 2.1) À 24.2% ( À7.8) À 15.6% ( À1.2) À 25.5% (À 2.0) À9.4% ( À 1.2) À 17.8% ( À2.3) Model IIÀ 18.6% ( À3.0) À 11.9% (À 1.9) À14.4% ( À 4.1) À 27.3% ( À4.9) À 24.5% ( À1.9) À 13.1% (À 1.0) À17.0% ( À 2.2) À7.0% ( À0.9) Rural
Model I À 20.3% ( À3.4) À 19.0% (À 3.2) À19.0% ( À 3.2) À6.5% ( À1.1) À 24.3% ( À4.1) À 27.7% (À 4.6) À17.6% ( À 3.0) À 22.6% ( À3.9) Model IIÀ 23.9% ( À4.0) À 39.9% (À 6.7) À22.0% ( À 3.7) À 24.2% ( À4.1) À 28.6% ( À4.8) À 24.2% (À 8.7) À21.1% ( À 3.6) À 43.2% ( À7.4)
Time
Precise Points Zipcode Precise Points Zipcode Precise Points Zipcode Precise Points Zipcode Urban
Model I À 31.1% ( À3.8) À 38.5% (À 4.7) À35.5% ( À 4.4) À 43.7% ( À5.4) À 32.8% ( À3.7) À 43.0% (À 4.9) À24.5% ( À 3.2) À 28.2% ( À3.7) Model IIÀ 24.6% ( À3.0) À 23.0% (À 2.8) À29.5% ( À 3.6) À 27.9% ( À3.4) À 27.0% ( À3.1) À 27.1% (À 3.1) À16.8% ( À 2.2) À 13.4% ( À1.7) Suburban
Model I À 25.1% ( À5.3) À 31.8% (À 6.8) À20.6% ( À 7.0) À 30.8% ( À10.4) À 28.9% ( À3.7) À 34.9% (À 4.5) À25.4% ( À 4.7) À 30.2% ( À5.6) Model IIÀ 19.5% ( À4.2) À 17.6% (À 3.8) À15.5% ( À 5.2) À 17.2% ( À5.8) À 22.4% ( À2.9) À 19.6% (À 2.5) À20.3% ( À 3.8) À 16.4% ( À3.0) Rural
Model I À 38.1% ( À9.8) À 36.5% (À 9.4) À30.7% ( À 7.9) À 22.3% ( À5.7) À 43.5% ( À11.5) À 43.9% (À 11.6) À40.1% ( À 10.1) À 43.2% ( À10.9) Model IIÀ 52.1% ( À13.4) À 58.2% (À 15.0) À43.0% ( À 11.0) À 41.0% ( À10.5) À 58.7% ( À15.5) À 67.8% (À 17.9) À54.5% ( À 13.7) À 65.7% ( À16.5) Table 6 ).
DISCUSSION
In a sample of Medicare beneficiaries living in Illinois, North Carolina, Ohio, or Tennessee at the time of elective TKR, we predicted the MapQuest driving distance and driving time between subject residence and hospital of TKR surgery using functions of straight line distances between residential and hospital locations, straight line distances between zipcode centroids, urban categorization of residence, and state of residence. On the basis of model AIC and R 2 values, 4 "best" models, 2 for each outcome, were selected: (1) Driving distance predicted by straight line distance between residential and hospital locations (2) Driving distance predicted by straight line zipcode centroid distance and urban categorization of residence (3) Driving time predicted by straight line distance between residential and hospital locations, urban categorization of residence, interaction between distance and urban categorization (4) Driving time predicted by straight line zipcode centroid distance, urban categorization of residence, interaction between zipcode distance and urban categorization In models applied to Testing data and stratified subsamples, unadjusted R 2 values for driving distance and time were at least 0.911 and 0.822, respectively, when predicted by functions of residential/hospital distance, and 0.850 and 0.779 when predicted by functions of zipcode centroid distance.
Although the R 2 values from the model validation indicated that the selected models fit the Testing data well, we observed that, on average, the models overestimated driving distance and driving time. Comparing relative bias, a model predicting driving distance from distance between residential and hospital locations alone had lower relative bias for suburban and rural areas than a model also including urban categorization of residence. In contrast, the addition of urban categorization improved models predicting driving distance from zipcode centroid distances. For both distance between residence/hospital locations and between zipcode centroids, the overestimation of driving distances in rural areas was increased when urban categorization was included in the models.
When predicting driving time, the addition of urban categorization substantially improved the accuracy of predicted urban and suburban residence driving times. Simpler models, including distance between residential and hospital location only or zipcode centroid distance only, outperformed more complex models in rural areas with smaller relative biases.
In general, subjects living in rural residences had longer driving distances and times than urban or suburban residences. For all 3 urban categories, the distributions of observed driving distance and driving time were rightskewed with long tails. As a result, the mean values of distances and times for the 3 groups were larger than the median values with the largest differences observed for rural residences. When urban categorization was included in the regression equations, the rural residence intercept was greater than the intercept in models excluding urban categorization. Rural subjects who attended hospitals that were a short distance away from their homes had driving distances that were smaller than the inflated rural residence intercepts causing an increased overestimation of rural distances in models adjusting for urban categorization. An implication for future research is that if investigators are primarily interested in estimating distances in rural settings, these equations may not be appropriate. Estimation equations based solely on rural distances and equations using median distances in place of the ordinary least squares methods that rely on mean distances should be examined.
This study had a few limitations, the first of which being that we assumed that subjects drove to the hospital. One subject (in Testing 1) lived in North Carolina and traveled over 1,000 miles to Illinois for treatment; however the actual mode of transportation is unknown. It is possible that subjects with longer distances to care received services while at part-time or vacation residences, far from their listed billing addresses.
Our study was limited to Medicare recipients at least 65 years old who received a TKR while residing in 1 of 4 US states. We selected Medicare recipients because Medicare claims data include precise residential address and the selected states had low proportions of Medicare HMO, making the reporting of claims mandatory. TKR was selected as the procedure of interest because it is a common procedure among Medicare recipients and distance to care is a concern for clinicians and policy makers as hospital choice impacts the probability of needing a second surgery. 20 The 4 states also provided a diverse mix of urban, suburban, and rural population distributions from states located in either Midwestern (OH, IL) or Southern (NC, TN) US Census regions. We observed consistent results when prediction equations were applied across stratified subsamples. The evaluation of this estimation method in a national cohort, with a more diverse sample of population densities, and subjects across the age continuum is left for future research.
There are several implications from this research. Precise residential and hospital locations may be available from medical records or Medicare claims data. After computing straight line distance between residential and hospital locations, researchers can apply the prediction models proposed in this study to estimate driving distance and driving time with reasonable accuracy. The addition of urban categorization, available from US Census data, improves estimates for driving time but is unnecessary when estimating driving distance.
Distance measures based on zipcode centroids are known to overweight locations near boundaries as residences and hospitals located in different zipcodes may actually be very close to one another, resulting in estimates that are longer than the true distances. 1 Despite this, when examining access to healthcare, researchers often use zipcode centroid distances as an approximation of driving distance or driving time between precise geographic locations. [3] [4] [5] [6] For urban and suburban areas the zipcode centroids may be near enough to subject residences that they provide adequate spatial resolution for such estimates. For rural areas, however, the distances between residence and zipcode centroids are larger as rural zipcodes have larger square mileage than urban or suburban zipcodes, providing course spatial resolution. Accounting for urban categorization of residential census tract improved the prediction model estimates of driving distance and driving time greatly for urban and suburban data. Although similar results were not observed for rural areas, the improvement of urban and suburban estimates provide a better estimation of driving distance and time than is currently available.
In general, aggregate measures of distance such as distances between zipcode centroids provide adequate proxies for more detailed measures of driving distance and driving time. When supplemented by US Census information, such as urban categorization of census tracts, the estimates are enhanced, particularly for suburban and urban locations. The importance of urban categorization in relation to distances between zipcode centroids is not surprising. Zipcode boundaries are defined by functions of square mileage and population density. Distances between neighboring zipcode centroids depends on the urban categorization of the areas and, therefore, it should be accounted for when producing distance and time estimates based on zipcode centroid distances. In health policy research, the addition of census tract urban categorization to distance-based studies will improve estimates and provide better intuition regarding analyses of spatial accessibility to healthcare.
